This paper proposes a novel approach to infer missing electricity meter data of a building using a seasonal autoregressive integrated moving average model with exogenous variables (SARIMAX). A cross-correlation function is utilized to identify buildings that have electricity usage patterns similar to the building with missing meter data. We train a SARIMAX model using the historic electricity usage of the building with missing data, the weather temperature as an exogenous variable, and electricity usage of buildings identified to be similar to the building of interest, to facilitate collaborative inference of missing meter data. The proposed approach is verified using actual 15-minute interval electricity meter data of four office buildings in Northern California.
INTRODUCTION
Smart meters and advanced metering infrastructure (AMI) in power systems have become a standard for electric energy consumption measurement; nearly half of all U.S. electricity consumers have smart meters as of 2016 according to the U.S. Energy Information Administration. While traditional electric meters were only able to measure cumulative energy consumption in watt-hours over a billing period or longer, smart meters measure the energy consumption over granular time intervals, typically in an hourly interval or less.
This change in electric energy meter data has given more information to both end-use customers of electricity, and electric utilities who manage the smart meters and metering data. The energy usage pattern can be valuable information to either party for various reasons. End-users of electricity can This work is partly supported by the Office of Energy Efficiency and Renewable Energy of the U.S. Department of Energy with IM release number LLNL-CONF-779429. The opinions expressed in this article are solely of the authors.
analyze their temporal energy consumption patterns to investigate energy cost saving opportunities. For example, many electric utilities impose a demand charge for the peak electricity consumption over a billing period (usually a month) to large end-use customers. By analyzing the smart electricity meter data over a billing period, users can learn when their electricity consumption peaked. From the electric utilities' perspective, analysis of time-series electric energy consumption of an anonymized individual user or aggregates of users can help design tariff and incentives to shape the users' consumption behavior for improved efficiency and reliability of the grid. Utilities have also successfully used AMI data to manage voltage in distribution grids, in some cases more costefficiently than the traditional operational solutions.
However, smart meters are not immune to failures and errors, just as any other networked appliances and equipment. The data from the smart meters can be missing due to human errors such as during installation, data storage issues, or communication failures. On the other hand, popularity and value of smart meter data are consistently increasing, due to the decreasing cost of electronics and the increasing temporal variability of the electricity price. Therefore, in order to maximize the potential value of smart meter data, it is essential to develop methods that can account for or accurately estimate missing data.
In this paper, we consider the problem of estimating missing electric energy usage data of one building when data from similar buildings in the proximity are available. This is a common setting where an entity manages a complex of buildings and is billed for electricity of several similar buildings, as shown in the experimental case we discuss in the paper.
Our contributions are as follows:
• We propose to recover missing observations of a target building by treating observations in a supporting building as exogenous factors in a time series model of the target building.
• Because our proposed method is based on the family of auto-regressive integrated moving average (ARIMA) models, it is flexible and can integrate data from multiple buildings and additional factors, such as temperature and occupancy for estimating missing data.
• Our evaluation on real smart meter data collected over a period of 3 years shows that the proposed method is able to recover missing observations for the target building with high accuracy by leveraging data from other similar buildings.
RELATED WORK
The problem of electricity usage estimation and forecasting has been studied for several decades. MacKay proposed a Bayesian optimization model and applied it successfully in a competition for energy load prediction [1] . Since then, many different machine learning models have been applied to related problems on energy usage. The models cover the spectrum from simple regression analysis [2] , ARIMA-based models for time series analysis [3] , to more complex models, such as neural networks [4] . Zhao and Magoules [5] provide an extensive review of the existing work on building energy consumption prediction. One key difference between our work and existing studies is that we focus on the recovering or predicting missing electricity usage data by combining observations from multiple similar buildings, thus collaborative inference, whereas previous studies either focus on one unit or treat buildings in isolation.
PRELIMINARIES
We assume that we observe the electricity consumption of a set of k buildings in geographical proximity over time. We use Y (i) = {y
N } to denote the time series of electric energy consumption by building i. All the time series have the same length N ; however, some of the entries of the time series could be missing due to, for instance, planned or unplanned downtime in the recording device. Missing entries are represented by a special character NaN. We do not make any explicit assumptions about the distribution of the missing data. Additionally, for each building i, we have a feature vector x(i), which contains characteristics about the building, such as its normal usage-e.g., office vs residential-or size. We focus on the task of estimating the missing data of a building by using other buildings' observed data in addition to exogenous factors.
ARIMA and extensions
An ARIMA model [6] is a linear model for the analysis of time series data. In an ARIMA(p, d, q), the observation at a given time t is assumed to be a function of 1) the last p time series observations-i.e., the lag-2) the last q average values, and 3) a degree of differencing d applied to make the time series stationary. Here, p, q, and d are parameters of the model to be chosen by the user based on exploratory analysis of the time series. Several extensions to ARIMA have been considered; in particular we consider the SARIMA model, which considers seasonality as a factor. A SARIMA(p, d, q)(P, D, Q) m for a time series Y t can be defined through seasonal and non-seasonal differentiation D m , d 1 , auto-regression Φ, φ and moving average Θ, θ terms [7] :
where P, D, Q are the seasonal counterparts of p, d, q; B n is the n-th order backshift operator; Z t is white noise:
Considering exogenous factors
ARIMA has also been extended to consider exogenous factors to the time series, such as weather. Intuitively, the exogenous factors simply become another covariate in the linear model expression. The SARIMAX model of time series Y t with one exogenous variable X t is,
where C is a constant term to be estimated from data; e is the backshift order of the exogenous variable; the influence of the exogenous variable is modeled using impulse response weights [7] 
Multiple exogenous variables can be incorporated in the equation above to consider influences from more than one external source.
Parameter selection
The auto-correlation function (ACF) is a tool for deciding the order of the auto-regression terms in a SARIMA model. If there are N data points in a time series, its ACF for some lag is defined as r ,
Y is the mean value of time series Y t . A threshold can be defined for the ACF values of different lags to identify the order of auto-regression terms. Similar to ACF, the crosscorrelation function (CCF) is used to evaluate the correlation between the time series to be modeled, Y t and another time series X t , the CCF of Y t regarding lags of X t is defined as,
where
X is the mean value of the time series X t .
PROPOSED METHODS
We combine multiple data sources to train a SARIMAX model to collaboratively infer the missing time series data for a target building b i .
Model preparation
Our proposed approach is designed to identify another building whose electricity usage has high value cross correlation with i and use its time series as an exogenous variable in the SARIMAX model. The following describes the procedure:
1. Data preprocessing and segregation. We first split the data for each building into separate time series for weekdays and weekends, as well as separate time series for each season (spring, summer, fall, and winter), This gives us a total of 8 time series per building.
2. Parameter setting. We calculate the ACF of the electricity usage of each target building to identify the order of the SARIMA model without exogenous variable.
3.
Leveraging observed time series data. We calculate the CCF between the target building and surrounding buildings for which we have observations to identify the building j with the highest CCF. We refer to j as the supporting building, whose electricity usage will be used as an exogenous variable.
Model training.
We train the SARIMAX model using a data window of the target building and the supporting building's electricity usages before the occurrence of missing data.
5.
Filling the gaps. We complete the missing data using the trained SARIMAX model.
Additional exogenous factors
We can easily add other exogenous factors to the proposed model. For example, outdoor temperature has a significant influence on electricity usage during summer. In the model, we extend Step 3 and calculate the CCF between the target building's electric consumption and the local temperature data to identify the number of lags of the temperature as an exogenous variable.
EXPERIMENTAL RESULTS

Data from buildings in Martinez, California
In this study, we analyze electric meter data of four buildings in Martinez, California. Electricity consumption in kilowatts (kW) is available for a period of three years from November 2015 to November 2018 in 15-minute intervals. Preliminary analysis shows that these four office buildings have clear patterns in terms of the season and day of the week due to their business hours. Although all the buildings have similar patterns, Fig. 1 shows Building 1 as an example. There is a base load around 25 kW that can be observed during weekends when offices are empty or at the beginning of weekdays before 5 A.M. At that time, there is a noticeable change in the load due to the HVAC system, lighting and other small loads turning on. The heaviest usage occurs during summer peak at around 3 P.M., with around 80 kW. It is worth pointing out the lower peak during winter months (barely 60 kW) due to the use of natural gas for heating purposes. At around 7 P.M. during workdays, big loads are turned off for the day, which explains the drop on consumption going back to base load figures.
Because the electric meter data of the buildings is sampled in 15-minute intervals, their time series show strong seasonality. The ACF of Building 3 summer weekdays electricity usage is shown in Fig. 3 , where seasonality of m = 96 is observed. m = 24hr × 60min/hr 15min (15) Note that the same seasonality can also be observed in the Fig. 4 . Five consecutive days of summer weekday temperature.
temperature data of summer weekdays as shown in Fig. 5 . The seasonality can be removed from both the electric meter data and temperature data by applying 1st order seasonal differencing 1 96 . The resulting ACF no longer exhibits seasonality as shown in Fig. 6 . The same seasonal differencing can be applied to temperature to remove the seasonality as shown in Fig. 7 . However, Figs. 6 and 7 still show a strong non-stationary nature. Therefore, 1st order differencing 1 is applied afterwards to acquire time series that are close to stationary as shown in Figs. 8 and 9 .
In this study, the CCFs between the time series electric meter data of the building at Building 3 and that of the three other buildings are calculated to identify the building whose electricity usage data is the most useful for inferring the missing data at Building 3. Building 1 is found to have the highest CCF. Its CCF is shown in Fig. 10 . In summer, especially during weekdays, temperature and electricity usage also have a high CCF value as shown in Fig. 11 . Fig. 10 . CCF between Building 3 and Building 1 electricity usages for summer weekdays. Fig. 11 . CCF between Building 3 electricity usage and weather temperature for summer weekdays.
Evaluation metrics
The inference accuracy η is calculated using the meansquared error between the inferred time series and the missing data time series.
where N mis is the number of missing data points; Y mis,max is the maximum value of the missing data points; Y mis,k is the k-th missing data point; Y inf,k is the k-th inferred data point. For benchmark purposes, data is deliberately deleted from the meter readings so that it can be utilized to evaluate the accuracy of the proposed collaborative inference method.
A general observation that can be made about the electricity usage during weekdays is that an obvious peak load pattern appears in the middle of the day except for fall weekdays. The reason may be due to the reduced air-conditioner usage due to mild temperature in the area. On the other hand, the weekends' electricity usage does not have obvious peak patterns. The reason may be that Building 3 is an office building and only essential operations need to be maintained during the weekends. In both weekdays and weekends, the missing electric meter data for Building 3 can be collaboratively inferred with higher than 85% accuracy. 19 . Inference accuracy of a winter weekend's electricity usage of Building 3 using Building 1 electricity usage and local temperature of the same day as exogenous variables.
CONCLUSION
In this paper, we propose a novel method for the collaborative inference of missing electricity usage data. The CCF between the electricity usages of different buildings are utilized to choose the most influential exogenous variable for inferring missing data. A total of 8 SARIMAX models are trained to infer missing electricity usage data of a building in Martinez, California for weekdays and weekends of different seasons. The overall inference accuracy is over 85% for all cases. For future work, we will investigate the benefit of considering more exogenous variables such as the target building's occupancy and more than one supporting buildings' electricity usage.
